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a b s t r a c t 
Analysis of scalar maps obtained by diffusion tensor imaging (DTI) produce valuable information about the 
microstructure of the brain white matter. The DTI scanning of child populations, compared with adult groups, 
requires specifically designed data acquisition protocols that take into consideration the trade-off between 
the scanning time, diffusion strength, number of diffusion directions, and the applied analysis techniques. 
Furthermore, inadequate normalization of DTI images and non-robust tensor reconstruction have profound effects 
on data analyses and may produce biased statistical results. Here, we present an acquisition sequence that was 
specifically designed for pediatric populations, and describe the analysis steps of the DTI data collected from 
extremely preterm-born young school-aged children and their age- and gender-matched controls. The protocol 
utilizes multiple software packages to address the effects of artifacts and to produce robust tensor estimation. 
The computation of a population-specific template and the nonlinear registration of tensorial images with this 
template were implemented to improve alignment of brain images from the children. 
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 Specifications table 
Subject Area Neuroscience 
More specific subject area Neuroimaging/ Brain imaging 
Protocol name DTI data analysis protocol for children 
Reagents/tools The scanning was performed using a 3 T MAGNETOM Skyra scanner (Siemens 
Healthcare, Erlangen, Germany) and a 30-channel head coil. 
Experimental design Diffusion-weighted images were acquired using a spin-echo-based single shot 
EPI sequence with full k-space coverage and GRAPPA parallel acquisition 
option (TR 90 0 0 ms, TE 80 ms, FOV 240 mm, matrix size 96 × 96, slice 
thickness 2.5 mm, 70 contiguous axial slices, acceleration factor 2). The DTI 
dataset (45 vol: 30 uniformly distributed diffusion gradient directions at 
b = 10 0 0 s/mm2, 6 directions at b = 500 s/mm2, 6 directions at 
b = 300 s/mm2, and 3 non diffusion-weighted images at b = 0 s/mm2) was 
collected twice with reversed phase-encoding directions (anterior-posterior 
and posterior-anterior). 
Trial registration 
Ethics Ethical approval for the study was obtained from the Ethics Committee I of the 
Hospital District of Helsinki and Uusimaa. All children gave assent and 
caregivers provided informed written consent prior to participation in 
accordance with the Declaration of Helsinki. 
Value of the Protocol 
• Software packages were applied to mitigate the effects of artifacts and to 
produce robust tensor estimation. 
• Opposite phase-encoding directions were used in DTI acquisition to improve 
correction for EPI distortions. 
• Advanced tensor-based registration of DTI images was obtained using a 
population-specific template. 
Background 
The results of statistical analyses on brain imaging data depend partially on the quality of
the collected data and on the preprocessing steps of the data analysis. Moreover, the collection
and analysis of brain images from children is associated with multiple obstacles including subject 
compliance during long scanning sessions [1] , larger amount of motion in children compared to adults
[2] , and the lack of available templates for specific age ranges [3] . The common sources of noise that
affect the diffusion tensor imaging (DTI) data include eddy currents induced by rapid switching of
gradient coils, geometric distortions resulting from the strong external magnetic field, and subject 
motion in the scanner [4] . Developmental and pathologic processes of the brain may influence
the microstructural composition and architecture of the affected tissues and alter the diffusion of 
water within the tissues [5] . With the protocol described here, we investigated the white matter
microstructure of extremely preterm-born (birth < 28 weeks of gestation) young school-aged children 
from a large cohort that also included age-matched term-born children [6] . Earlier studies applying
diffusion weighted magnetic resonance imaging (MRI) on preterm-born children have yielded variable 
results, some reporting lower fractional anisotropy (FA) values in preterm-born children compared 
with controls [7–10] , some higher FA values [11] . Multiple reasons may underlie variability in the
results including the extent and cause of prematurity, the age of children at brain imaging, and the
applied imaging parameters and preprocessing methods of the data. The current protocol ( Fig. 1 ) was
designed for the analysis of DTI data collected from young, school-aged children. It includes four major
parts: 1) the acquisition of diffusion weighted images (DWIs), 2) preprocessing of DWIs, 3) nonlinear
registration of the images to a population-specific template, and 4) voxelwise statistical analysis. The 
protocol utilizes the preprocessing methods that have been tested in earlier studies on pediatric DTI
datasets and showed the best performance compared with other tools [12 , 13] . 
We applied an acquisition sequence that was based on the advanced protocol from the NIH
MRI project [14] . This project resulted in a publicly-available pediatric DTI database, and developed
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Fig. 1. Illustration of the protocol that was designed for the analysis of diffusion tensor imaging (DTI) data collected from 
young school-aged children. The protocol has four major parts: (1) The acquisition of diffusion weighted images (DWIs), (2) 
preprocessing of DWIs, (3) nonlinear registration of the images to a population-specific template, and (4) voxelwise statistical 
analysis. MIPAV = Medical Image Processing, Analysis, and Visualization; TBSS = tract-based spatial statistics. 
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s  pecial preprocessing algorithms and tools for DTI data analyses. In addition to images with high
nd low b-values, the protocol also included images with intermediate b-values in order to account
or the higher water content in immature brain structures of young subjects [15] . The intermediate
WIs have higher signal-to-noise ratio and they are more similar in contrast intensity with the T2-
eighted images that are used as targets for registration. An acquisition of several intermediate b-
alues facilitates the registration of the DWIs with the highest b-value by sequentially computing
 new reference target based on the lower b-values [16] . The acquisition sequence resulted in two
atasets that were collected with opposite phase encoding directions which allowed the application
f advanced correction techniques for the echo-planar imaging (EPI) distortions. 
To preprocess the data we used the TORTOISE toolbox ( http://www.tortoisedti.org ) [17] which
llows to mitigate the effect of motion artifacts in the presence of EPI distortions. A previous
tudy compared TORTOISE with other motion correction techniques and showed that TORTOISE
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 outperforms other DTI preprocessing tools due to its improved estimation of motion parameters based 
on normalized mutual information cost function [12] . Considering that the prevalence of motion in
child populations during the collection of neuroimaging data is high [18] , this tool is especially well
suited for pediatric studies. Another source of variability that impacts the statistics of voxel-wise
analyses corresponds to the template selection and registration of DWIs to this template [19] . To
minimize the impact of misregistration we used an advanced DTI-TK nonlinear registration method 
( http://dti-tk.sourceforge.net ) [20] which, unlike standard methods that are based on scalar maps, 
makes use of the directional information from tensorial datasets. Finally, the tract-based spatial 
statistics (TBSS) approach was applied to analyze the white matter microstructure. The TBSS is a
suitable technique that evaluates the whole-brain white matter and does not require a priori selection
of specific regions of interest. 
We applied the protocol to the analysis of DTI data collected from 15 extremely preterm-born
young school-aged children [8 males, mean (standard deviation, SD) gestational age at birth 26.7 
(1.0) weeks, mean (SD) age at scanning 7.6 y (0.1)], and from 16 age- and gender-matched term-
born controls [9 males, mean (SD) gestational age at birth 40 (0.9) weeks, mean (SD) age at scanning
7.6 y (0.2)] [6] . The children were from a large cohort that was recruited for a multimodal follow-
up study (KeKeKe, Extremely Preterm Birth and Development of the Central Nervous System [21] ).
Based on a neuropsychological assessment at 6 years, the cognitive performance of the preterm- 
born children was within normal range, and they had not been diagnosed with neurological or
neurosensory impairments. 
DTI acquisition sequence 
The acquisition sequence included two repetitions of 45 images (6 images with , b = 300 s/mm 2 , 6
images with b = 500 s/mm 2 , 30 images with b = 10 0 0 s/mm 2 and 3 non-weighted b = 0 s/mm 2 
images). Both repetitions were collected with the same acquisition parameters except for the 
phase encoding direction which was reversed for the second repetition from anterior-posterior into 
posterior-anterior (blip-down and blip-up, respectively). The DWIs were collected using a spin-echo- 
based single shot EPI sequence with full k-space coverage and GRAPPA parallel acquisition option (TR
90 0 0 ms, TE 80 ms, FOV 240 mm, matrix size 96 × 96, slice thickness 2.5 mm, 70 contiguous axial
slices, acceleration factor 2). For each subject, a 3D T2-weighted image set was collected using SPACE
sequence (TR 3200 ms, TE 411 ms, FOV 256 mm, matrix size 256 × 256, 176 sagittal slices, 1.0 mm
isotropic voxels). The DTI imaging session lasted around 25 min during which the children watched
video movies/cartoons. 
DTI data preprocessing and registration 
The DTI data were preprocessed using TORTOISE 2.5.2b software ( http://www.tortoisedti.org ) [17] .
First, the individual T2-weighted images from each subject were midsagittally aligned and then put 
into AC (anterior commissure) -PC (posterior commissure) alignment using the MIPAV (Medical Image 
Processing, Analysis, and Visualization) 7.0.1 toolbox in order to standardize initial data orientation. 
These T2 images were used to provide a reference frame for the registration of the DWIs. The
diffusion gradient direction files were created using the dcm2nii package of MRIcron that converts 
DICOM images to NIfTI format. For each dataset phase-encoding direction, the corresponding raw 
DICOM images from the scanner (45 vol: 30 gradient directions at b = 10 0 0 s/mm 2 , 6 directions at
b = 500 s/mm 2 , 6 directions at b = 300 s/mm 2 , and 3 non-diffusion-weighted images at b = 0 s/mm 2 )
were imported into the TORTOISE DIFF_PREP module. The main registration settings of the DIFF_PREP 
were kept as default except that the final resolution of the DWIs was set to 1.5 × 1.5 × 1.5 mm
isotropic voxels and the “keep intermediate data” flag was selected to save the upsampled datasets 
and transformation parameters. The DTI datasets were corrected for motion and eddy currents 
distortion, and the b-matrix was reoriented to preserve the orientation information [22] . For each
subject, the upsampled datasets with opposite phase-encoding directions were combined within the 
TORTOISE DR-BUDDI module [23] to correct for susceptibility artifacts induced by EPI distortions. 
The tensors were estimated using the nonlinear RESTORE algorithm [24] from the DIFF_CALC module
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Table 1 
Summary of diffusion tensor imaging metrics. Mean (SD) fractional anisotropy (FA), and mean (MD), axial (AD), and radial (RD) 
diffusivity values for the extremely preterm-born ( n = 15) and term-born ( n = 16) children. 
Child group Tract FA MD AD RD 
Preterm-born CC 0.82 (0.02) 0.87 (0.04) 2.00 (0.08) 0.31 (0.03) 
CST_L 0.75 (0.02) 0.78 (0.03) 1.65 (0.07) 0.35 (0.03) 
CST_R 0.75 (0.02) 0.78 (0.03) 1.65 (0.07) 0.35 (0.02) 
SLF_L 0.55 (0.04) 0.78 (0.04) 1.30 (0.05) 0.52 (0.05) 
SLF_R 0.58 (0.04) 0.78 (0.04) 1.34 (0.05) 0.49 (0.05) 
Term-born CC 0.83 (0.02) 0.88 (0.05) 2.04 (0.08) 0.31 (0.04) 
CST_L 0.73 (0.03) 0.82 (0.06) 1.69 (0.09) 0.39 (0.05) 
CST_R 0.74 (0.03) 0.82 (0.05) 1.69 (0.08) 0.38 (0.05) 
SLF_L 0.51 (0.03) 0.81 (0.06) 1.29 (0.09) 0.57 (0.06) 
SLF_R 0.53 (0.03) 0.81 (0.05) 1.33 (0.08) 0.55 (0.05) 
SD = standard deviation; CC = corpus callosum; CST = corticospinal tract; SLF = superior longitudinal fasciculus; L = left; 
R = right. 
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t  hich generated the 4D tensor datasets containing the 6 tensor elements. This algorithm produces
obust results even in the presence of outliers induced by cardiac pulsation and head motion, and
hus, it can be an optimal choice for studies of non-sedated subjects. 
After the correction, all tensorial datasets were fed into the DTI-TK ( http://dti-tk.sourceforge.
et ) [20] nonlinear registration pipeline. This whole-tensor method showed the best performance
ompared with seven other algorithms in the registration of fiber tracts in a study of white matter
athologies in the developing brain [13] . Therefore, considering the impact of extreme prematurity on
hite matter structure and volume especially around the periventricular regions, we decided to adapt
his method for the registration of our data to the template [6] . The datasets from all children were
ootstrapped and resampled into 1.5 × 1.75 × 2.25 mm resolution (suggested by DTI-TK tutorial) in
rder to obtain the initial population template. Following this, the tensorial images underwent rigid
nd affine alignment with the initial template using Euclidean Distance Squared similarity metric.
inally, the deformable registration was applied to align the tensorial datasets with the template
hich was iteratively optimized for 6 times. 
oxelwise analysis of the white matter tracts 
The voxelwise analysis of white matter tracts was performed using TBSS [25] from the FSL (FMRIB
Functional Magnetic Resonance Imaging of the Brain) Software Library, https://fsl.fmrib.ox.ac.uk/fsl )
.0 toolbox. The mean FA image was created and thinned to produce the white matter skeleton
thresholded at FA > 0.2). The TVtool command from DTI-TK toolbox generated individual maps of
A, mean diffusivity (MD), axial diffusivity (AD) and radial diffusivity (RD) for each child. For each
nalysis, the individual maps (FA, MD, RD and AD) were projected onto the FA skeleton. The group
ifferences in the white matter measures were estimated using an unpaired t -test with nonparametric
ermutation method (50 0 0 permutations). Statistical maps were thresholded at P < 0.05 using
 threshold-free cluster enhancement (TFCE) method with family-wise error (FWE) correction for
ultiple comparisons. 
uantitative analysis of DTI-based metrics obtained from major tracts 
Table 1 reports the mean and SD values of the FA, MD, AD, and RD for both the preterm-born and
ontrol children of five masks representing major commissural, projection and association tracts. The
asks were drawn on the mean FA skeleton map obtained from the TBSS analysis. In addition, the
irectionally encoded color (DEC) map of the mean FA template was used as a guide to validate the
elonging of the portions of the FA skeleton to the white matter tracts of interest. The masks were
rawn to the corpus callosum (CC) (3223 voxels) that included both the genu and splenium of the CC,
o regions of the left (386 voxels) and right (394 voxels) corticospinal tract (CST), and the left (588
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Fig. 2. The DTI masks (cyan) are shown on directionally encoded color (DEC) map of the mean FA template and on the mean 
FA skeleton (red) obtained from TBSS analysis. The DEC map shows the preferred orientation of fibers using the red (left- 
right), green (anterior-posterior) and blue (superior-inferior) color scheme. The horizontal lines in the sagittal brain slice of the 
population template indicate the level of axial slice planes that are presented in the frames with the corresponding colors. 
CC = corpus callosum; CST = corticospinal tract; SLF = superior longitudinal tract; ROI = region of interest; R = right. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 voxels) and right (504 voxels) superior longitudinal fasciculus (SLF). Fig. 2 shows the five masks on
the mean FA skeleton and DEC maps. 
Testing and applying the protocol 
We tested the protocol and the outcome of the TBSS analysis by performing a between-groups
analysis on the normally developing 7.5-year-old control children, as suggested by Bach et al. 
(2014) [26] . In our original study, where the current protocol was applied, we performed a split-
sample analysis by using the TBSS approach after the DTI-TK registration to test the within group
consistency of the control children (please see supplements in [6] ). The results showed no significant
differences between the subsamples ( P < 0.05, TFCE corrected) indicating that there were no
unexpected differences between the subjects within the groups. The purpose of the split-sample 
analysis performed here was to evaluate the impact of the template selection on the statistical results.
For this purpose, we repeated the split-sample comparison of the control children described in [6] , but
instead of the DTI-TK registration, we used the FSL registration method before the TBSS analysis. The
DTI data from the control children were divided into two equal-sized subsamples (8 vs. 8), and the
FA values of the subsample groups were compared using the FSL registration and the TBSS approach.
Compared with the DTI-TK registration that works with tensorial datasets, the FSL registration utilizes 
only scalar FA maps. We obtained the FA images generated by TORTOISE during tensor estimation and
forwarded them into the FSL TBSS registration pipeline. The FA image of each subject was non-linearly
aligned with the FA images of the other subjects. The FA image with the smallest average warp score
obtained from the registration with all other subjects was selected as the target template and aligned
into the 1 × 1 × 1 mm MNI152 standard space using affine registration. Following this, the FA images
were aligned into the FA target template using non-linear transformation, and then into the MNI152
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Fig. 3. Results of correlation analyses between the fractional anisotropy (FA) and response times of 1-back tasks in normally 
developing, young school-aged control children ( n = 15) born at term-age. The images illustrate significant correlations 
( P < 0.05, shown in red-yellow) between the FA and response times when the tract-based spatial statistical (TBSS) analysis 
( P < 0.05, TFCE-corrected) was performed (A) using the DTI-TK nonlinear registration to the population template, and (B) 
when TBSS analysis was performed using the FSL registration. The horizontal lines in the sagittal brain slices of the population 
template (A), and the most representative subject’s template (B), indicate the level of the selected axial slice planes that 
are presented in the frames with the corresponding colors. CC = corpus callosum; CST = corticospinal tract; MCP = middle 
cerebellar peduncle; R = right. 
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b  pace using affine transformation. The FA map was thinned to produce the FA skeleton (thresholded at
efault FA > 0.2), and each subject’s FA image was projected onto this skeleton. The group differences
n FA values were estimated using an unpaired t -test with nonparametric permutation method with
0 0 0 permutations. Statistical maps were thresholded at P < 0.05 using the TFCE method with FWE
orrection for multiple comparisons. As expected, and in line with the result obtained with the DTI-TK
egistration, the analysis showed no significant differences between the subsamples. 
In our previous study where the current protocol was applied, we found significant correlations
etween the FA and the response times in the 1- and 2-back tasks in the control children [6] . Here
e investigated whether the template selection before the TBSS analysis affects the correlation results.
e conducted a whole brain analysis of correlations between the FA and the response times of the 1-
ack task by performing the TBSS analyses after both the DTI-TK and FSL registrations. These analyses
ere done on a subsample of 15 control children, as the response times from one control child
ere not available. Fig. 3 A shows the results of the TBSS analysis after the DTI-TK registration to
he population template, and Fig. 3 B after the FSL registration. In the case of the FSL registration,
here were several significant associations between response times and FA e.g. in the CC and CST,
nd in the cerebellar white matter. In this analysis, the FA maps of all children were registered to
he most representative child’s FA map from the sample ( https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS/
serGuide#tbss _ 2 _ reg ). The TBSS after the DTI-TK registration also showed significant correlations
etween the response times and FA in several tracts, but there were also some notable differences
8 M. Tokariev, V. Vuontela and J. Perkola et al. / MethodsX 7 (2020) 100878 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 compared with the results obtained using the FSL registration. As shown in Fig. 3 A, the TBSS after the
DTI-TK registration showed no significant correlations in cerebellar regions. One possible explanation 
for these differences is that the registration of scalar maps is prone to misalignment effects that
may produce false positive findings in the TBSS when FSL registration is used [19] . Another source
of discrepancies between the results may relate to the projection of voxels to the population skeleton.
If the white matter region is centered between two branches of the skeleton, the values of this region
can contribute to the statistics of two anatomical locations and produce biased statistical results [27] .
The FSL uses the subject with the most typical FA from the sample as a template, whereas the DTI-TK
creates the template using the information about the whole tensor of all subjects and this type of
information produces the best performance in registration of subjects to the template [28] . 
Advantages and limitations of the protocol 
The main advantage of this protocol is that the collection of DTI datasets with opposite phase
encoding directions allows the application of special correction techniques to reduce the effect of 
artefacts in the presence of EPI-induced distortions. Another advantage is related to the application of
DTI-TK nonlinear registration that improves the alignment of subjects to the population template. The 
main limitation of the protocol is the relatively long computation time that is required to obtain the
population template and to perform the registration of all subjects to this template. 
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